Abstract-Spectrum sensing is one of the key technologies to realize spectrum reuse and increase the spectrum efficiency in cognitive radio networks (CRNs). In this paper, we study energy-efficient cooperative multi-channel spectrum sensing in CRNs. We first propose a cooperative spectrum sensing and accessing (CSSA) scheme for all the secondary users (SUs). The SUs cooperatively sense the licensed channels of the primary users (PUs) in the sensing slot. If a channel is determined to be idle, the SUs which have sensed that channel will have a chance to transmit packets in the data transmission slot. We then formulate this multi-channel spectrum sensing problem as a coalition formation game, where a coalition corresponds to the SUs that have chosen to sense and access a particular channel. The utility function of each coalition takes into account both the sensing accuracy and energy efficiency. We propose distributed algorithms to find the optimal partition that maximizes the aggregate utility of all the coalitions in the system. We prove analytically that the proposed algorithms terminate at a stable partition that achieves the optimal aggregate utility. Simulation results show that the proposed algorithms result in the selforganization of the SUs that achieves a higher aggregate utility after each iteration. Also, the convergence and optimality of the proposed algorithms are proved by simulation results.
I. INTRODUCTION
Spectrum scarcity is a severe problem in wireless communications. A report released by the Federal Communications Commission (FCC) [1] suggested that the use of fixed spectrum allocation results in spectrum holes. In order to fully utilize the scarce spectrum resources, the concept of cognitive radio was proposed [2] , which the unlicensed users (secondary users) are allowed to dynamically and opportunistically access the licensed bands in a way that do not cause interference to the legacy spectrum holders (primary users). In cognitive radio networks (CRNs), the secondary users (SUs) have to obtain information about the existence of the primary users (PUs) and spectrum usage by spectrum sensing [3] , [4] . As for spectrum sensing, each SU is required to sense the radio environment within its operating range to find the licensed spectrum which is not occupied by the PUs in order to enable dynamic spectrum access in CRNs.
In the design of spectrum sensing algorithms, both sensing accuracy and energy efficiency are important design criteria. In [5] , Liang et al. studied the problem of optimizing the sensing duration to maximize the achievable throughput for the secondary network under the constraint of the probability of detection. In [6] , Saad et al. studied the cooperative incentives of the SUs that seek to cooperate with each other to improve the detection performance. The collaborative spectrum sensing problem was modeled as a coalitional game, and distributed algorithms were proposed. In [7] , Su et al. proposed a spectrum sensing scheme for SUs to reduce the energy consumption in spectrum sensing while guaranteeing the priority of the PU and the spectrum usage time of the SUs. In [8] , Song et al. focused on multi-channel coordination in cooperative spectrum sensing. They studied the theoretical improvement made by multi-channel coordination and derived a theoretical performance bound. In [9] , Zhao et al. proposed a slotted transmission protocol for SUs using a periodic sensing strategy with optimal dynamic access. An optimal spectrum sensing framework was proposed in [10] to solve both the interference avoidance and the spectrum efficiency problems. In [11] , Wang et al. proposed a distributed cooperative multichannel spectrum sensing scheme for the non-infrastructure based CRNs. The SUs with the same selected channel form coalitions through coalitional game.
In general, there are multiple channels in a CRN. However, the works in [5] - [7] considered the simple case, where there is only one licensed channel over the spectrum of interest. The works in [5] , [6] , [8] , [9] , [11] considered only channel utilization and sensing accuracy, and ignored the energy efficiency in their design. Moreover, the system models in [7] , [9] focus on local spectrum sensing, which is susceptible to sensing problems due to noise uncertainty, fading, shadowing, and hidden PUs [3] . It has been shown that the sensing performance can be improved significantly if cooperative spectrum sensing is used [12] , [13] .
In this paper, we study energy-efficient cooperative multichannel spectrum sensing in CRNs. We consider the setting with multiple licensed frequency channels and multiple SUs. We assume that each SU first chooses one licensed channel to sense locally. Then all the SUs that choose to sense the same channel cooperatively determine if the channel is busy or idle. If it is determined to be idle, one of SUs which has sensed that channel can access it. We consider both the spectrum sensing accuracy and energy efficiency in our model, and analyze the 978-1-4244-9268-8/11/$26.00 ©2011 IEEE behavior of the SUs by using coalition formation game [14] .
To the best of our knowledge, this work is the first paper that applies coalition formation game to study energy-efficient cooperative multi-channel spectrum sensing in CRNs.
The contributions of our work are summarized as follows:
• We study energy-efficient cooperative spectrum sensing for the SUs in a CRN, where there are multiple licensed frequency channels. We propose a cooperative spectrum sensing and accessing (CSSA) scheme for the SUs.
• We formulate the spectrum sensing problem as a coalition formation game, where the utility function of each coalition takes into account both the sensing accuracy and energy efficiency.
• In order to maximize the aggregate utility of all the coalitions in the system, we propose distributed algorithms for the CSSA scheme. We prove analytically that they terminate at a stable partition that achieves the optimal aggregate utility of the system. • Simulation results show that our proposed CSSA scheme achieves a better performance than the noncooperative spectrum sensing and accessing (NSSA) scheme in terms of aggregate utility. Besides, the results show that a higher aggregate utility is achieved by the proposed algorithms after each iteration, and there is a stable partition. This paper is organized as follows. Section II describes the system model and the CSSA scheme. The coalition formation game analysis is presented in Section III. Section IV presents the simulation results. Conclusions are given in Section V.
II. SYSTEM MODEL AND CSSA SCHEME As shown in Figure 1 , we consider a CRN with one access point (AP), M PUs, and N secondary transmitter-receiver (ST-SR) pairs. In this paper, since the secondary transmitter (ST) is responsible for spectrum sensing, we use the term ST and SU interchangeably. Let M = {1, . . . , M} be the set of PUs and N = {1, . . . , N} be the set of STs. For simplicity, we assume that each PU has its own licensed channel with bandwidth B. Thus, there are M non-overlapped licensed frequency bands in total. The M PUs are sending primary data to the AP. The N ST-SR pairs are located in the same area as the PUs, where ST j , ∀ j ∈ N seeks to exploit possible transmission opportunities in the M licensed frequency bands of the PUs. We assume that each ST j always has data to send and no traffic requirement is imposed on the STs. In other words, ST j transmits data in a best-effort manner.
We consider the frame structure designed for periodic spectrum sensing, where each frame consists of one sensing slot and one data transmission slot as shown in the bottom part in Figure 1 . We use T to denote the frame duration. We assume that all SUs have the same spectrum sensing duration, and we use δ (0 < δ ≤ T ) to denote the spectrum sensing time of the SUs. Therefore, the data transmission duration is T − δ. We assume that the received signal of the PUs is sampled at sampling frequency f s at ST j , ∀ j ∈ N . In addition, δ is a multiple of 1/f s . Thus, the number of samples is δf s , which is an integer. We also assume that T is a multiple of 1/f s .
Let H 1,i and H 0,i be the hypothesis that P U i , i ∈ M is active and inactive, respectively. For j ∈ N, ST j can perform spectrum sensing by itself in the licensed frequency band of P U i , ∀ i ∈ M and determines the probabilities of detection and false alarm. The probability of detection is the probability of correctly detecting the appearance of P U i under hypothesis H 1,i (i.e., a busy channel is determined to be busy correctly). The probability of false alarm is the probability of falsely declaring the appearance of the primary signal under hypothesis H 0,i (i.e., an idle channel is determined to be busy).
We assume the noise is a Gaussian, independent and identically distributed (iid) random process with mean zero and variance σ 2 n . The primary signal of P U i , i ∈ M received by ST j , ∀ j ∈ N is an iid random process with the same mean zero and variance σ 2 s,i,j . The primary signal is independent of the other primary signals and the noise. We denote
n as the received signal-to-noise ratio (SNR) of P U i , i ∈ M measured at ST j , j ∈ N under the hypothesis H 1,i . We use ε to denote the detection threshold for all the STs. We consider the circularly symmetric complex Gaussian (CSCG) noise case, and we also assume that the primary signal is complex phase shift keying (PSK) modulated signal. With the use of energy detection [3] , [15] , under hypothesis H 0,i , the probability of false alarm in channel i ∈ M by ST j is given by [5] 
where Q is the complementary distribution function of the standard Gaussian. Besides, under hypothesis H 1,i , the prob-
It has been reported that the hidden node problem, deep fading and shadowing degrade the performance of local spectrum sensing of individual SU [3] , [16] . To overcome this problem, cooperative spectrum sensing was proposed, where SUs share information and combine results from independent measurements. In our system model, we assume that each SU chooses to sense a licensed frequency band independently, and sends its spectrum sensing result to a decision node (DN) for that channel when the sensing time δ expires. Among all ST j , j ∈ N which choose to sense channel i ∈ M, DN i is selected according to Algorithm 1, which will be presented in Section III. The DN i will combine the sensing results of the SUs which choose to sense channel i and determine the status (i.e., busy or idle) of channel i. We consider an example shown in Figure 1 , where there are two licensed channels and four ST-SR pairs. At the beginning of each frame, as shown in Figure 1(a) , ST 1 and ST 2 in channel 1 start sensing the licensed channel of P U 1 , ST 3 and ST 4 in channel 2 start sensing the licensed channel of P U 2 . In Figure 1(b) , ST 1 and ST 3 work as the DN 1 and DN 2 , respectively. Each SU will send its spectrum sensing decision to the corresponding DN i when its sensing time δ expires. The DN i will make the final spectrum sensing decision for the licensed channel i ∈ M.
We assume that the DN decides on the channel status based on a decision fusion rule to combine the sensing results of the SUs [5] . For simplicity, we assume that OR rule is used. That is, if one of the STs reports that there is an active PU, then the final decision declares that the channel is busy. We assume that the decisions made by each ST in the same channel are independent. Let S i be the set of STs that choose to sense and access channel i. We have S i ⊆ N , ∀ i ∈ M and i∈M S i = N . Moreover, since we assume that ST j , ∀ j ∈ N can choose to sense only one channel in each frame, we have
The probability of false alarm P f,i under the hypothesis H 0,i and the probability of detection P d,i under the hypothesis H 1,i in channel i, i ∈ M are given by
For the licensed frequency band i ∈ M, we define P H1,i as the probability that P U i is active, and P H0,i as the probability that P U i is silent. Therefore, we have P H1,i + P H0,i = 1. Let P 0|0,i be the probability that P U i is silent and the decision made by DN i is not a false alarm. It is given by
Let P 0|1,i be the probability that P U i is active but DN i fails to detect the presence of the primary signal. It is given by
If DN i decides that P U i is active, then ST j , ∀ j ∈ S i cannot transmit data during the data transmission slot. However, if DN i determines that channel i is idle, then each ST j , j ∈ S i has a chance to access the licensed channel i with equal probability. With probability P 0|0,i , the secondary data transmission in channel i will be successful. However, with probability P 0|1,i , the secondary data transmission in channel i will not be allowed because it interferes with the P U i 's transmission. Therefore, under the hypothesis H 0,i , the transmission probability of ST j , j ∈ S i is 1/|S i |, and the transmission time is T − δ. As an example shown in Figure 1 (c), ST 1 and ST 2 seek to access the licensed channel of P U 1 (solid arrows), and ST 3 and ST 4 seek to access the licensed channel of P U 2 (dash arrows).
Given the signal transmit power P t , the noise power σ 2 n in channel i, and the average channel gain |h j,i | of the link between the ST-SR pair j in channel i, the transmission rate R j,i of ST j , j ∈ S i can be modeled as [17] :
Given the CSSA scheme described above, when the sensing duration δ is fixed, it is a challenge for each SU to decide the channel that it should sense and access. In the next section, we will propose distributed algorithms to solve this spectrum sensing problem using coalitional game theory.
III. COALITION FORMATION GAME
In this section, we formulate the problem of multi-channel energy-efficient cooperative spectrum sensing as a coalition formation game. We propose distributed algorithms to obtain a stable coalition structure that maximizes the aggregate utility of all the coalitions in the system.
Using the terminology of coalitional game theory, we refer to set S i as coalition i. Since there are M licensed channels in the CRN, there are M coalitions in the system, and each SU joins one of those M coalitions. All ST j , j ∈ S i would perform cooperative spectrum sensing in channel i ∈ M in order to seek the possible transmission opportunities.
The utility function of a coalition is related to both the sensing accuracy and energy efficiency. Specifically, the utility function of coalition S i , i ∈ M, where S i = ∅, is given by
where P s is the sensing power of ST j , ∀ j ∈ N , R j,i is the data transmission rate of ST j , j ∈ S i , and D 0 is the maximum penalty for interfering with the PU's data transmission. Notice that the penalty term D 0 1 − δ T is decreasing with the duration of the sensing slot δ. The denominator in (8) represents the total expected energy consumption in each frame, which is the sum of the expected amount of energy used for sensing (i.e., P s |S i |δ) and transmission (i.e., P 0|0,i (δ)P t (T −δ)) in coalition i. When D 0 is set to 0, the utility function represents the average data rate in coalition i per unit of energy consumed. In other words, it is related to the energy efficiency of the transmission. Also, the utility function takes into account the sensing accuracy by considering the sensing results related to false alarm (i.e., P 0|0,i (δ) is related to P f,i (δ)) and detection (i.e., P 0|1,i (δ) is related to
Definition 1:
Since each of N SUs can join any one of M coalitions, there are M N possible partitions in total. The multi-channel energyefficient cooperative spectrum sensing problem can thus be modelled as a (N , U) coalition formation game [14] . The goal is to maximize the aggregate utility of the M coalitions in the system. That is, maximize
In other words, we aim to find a partition S * which gives the optimal aggregate utility
In order to compare two partitions S = {S 1 , . . . , S M } and T = {T 1 , . . . , T M }, which are partitions of the same set N , we define a relational operator for comparison [6] , [14] .
Definition 2: S T implies that partition S is preferred to partition T in terms of
The merge-and-split rule [14] that is commonly used in a coalition formation game (e.g., in [6] , [11] ) cannot be applied in our game. Since we consider that all the SUs that choose to sense the same channel belong to the same coalition, and each licensed channel is owned by one PU, we cannot either merge two channels into one channel or split one channel into two channels. Therefore, we propose distributed algorithms in order to make sure that the SUs can self-organize in the CRN as time evolves.
In each iteration, Algorithm 1 is executed by ST j , ∀ j ∈ S i in order to select DN i . Since ST j determines which licensed channel i ∈ M to sense and access in each frame, therefore ST j knows the value of i. Given the proposed algorithms, we can prove analytically that Algorithm 2 terminates at a stable partition that achieves the optimal aggregate utility of the system. Theorem 1: Algorithm 2 terminates at a stable partition that achieves the optimal aggregate utility of the system.
Proof: We first prove that Algorithm 2 terminates at a stable partition. In Algorithm 2, only two coalitions S In this section, we first present the results for the convergence and optimality of our proposed distributed algorithms. We then evaluate the performance gain of our proposed CSSA scheme over the noncooperative spectrum sensing and accessing (NSSA) scheme under different system parameters using MATLAB. As for the NSSA scheme, the SUs perform local spectrum sensing instead of cooperative spectrum sensing. In the simulation, we consider that there are five PUs (M = 5) and ten ST-SR pairs (N = 10). The bandwidth of each primary licensed channel is B = 10 kHz. Other parameters used in our simulation are set as follows: the length of each time frame T = 100 ms; the sampling frequency f s = 1 kHz; the transmit power of each ST P t = 10 mW; the sensing power of each ST P s = 10 mW; the detection threshold ε = 0.2 mW; the noise power σ 2 n = 0.1 mW. The probability that P U i , i ∈ M is active is P H1,i = P H1 = 0.8, ∀ i ∈ M. We choose the sensing duration δ = 5 ms and the penalty term D 0 = 2. Each point is averaged over 100 independent simulation runs.
We compare the performance of our proposed CSSA scheme with the NSSA scheme. Figure 2 shows the aggregate utility in each iteration using the proposed algorithms. We can see that the aggregate utility of the M coalitions in the system under CSSA is higher than that under NSSA. Our proposed algorithms result in the self-organization of the SUs that Fig. 4 . The optimal aggregate utility of the system versus the probability that the PUs are active P H 1 (N = 10).
achieves a higher aggregate utility after each iteration, and eventually reaches a stable partition after about 200 iterations. Furthermore, the aggregate utility of the stable partition obtained by our distributed algorithms is the same as the optimal aggregate utility obtained by a centralized algorithm.
In Figure 3 , we show the optimal aggregate utility of the system obtained by the proposed algorithms versus the number of SUs N in the CRN when P H1 = 0.8. Our results show that the performance of CSSA is better than NSSA. For both schemes, the optimal aggregate utility of the system first increases with N , and then decreases with N after reaching the maximum point. The reason is that when N is small, increasing the number of SUs improves the spectrum utilization. Although the energy consumption of the system is increased when more SUs sense and transmit in the CRN, the average secondary data rate is increased more significantly due to the improved sensing accuracy. If N is increased further, the energy consumption for spectrum sensing increases linearly, but the sensing accuracy is not improved as significantly. Thus, the optimal aggregate utility is reduced.
In Figure 4 , we show the optimal aggregate utility of the system obtained by the proposed algorithms versus the probability that the PUs are active P H1 when N = 10. Our results show that the performance of CSSA is better than NSSA. When P H1 is small, the optimal aggregate utility of CSSA is slightly higher than that of NSSA. The performance gap increases with P H1 because the improvement of sensing accuracy with CSSA over NSSA is more significant when the PU has a higher traffic load.
V. CONCLUSIONS
In this paper, we studied energy-efficient spectrum sensing in a CRN with multiple licensed channels and multiple SUs. We proposed a CSSA scheme and formulated the multichannel spectrum sensing problem as a coalition formation game. The utility function of each coalition takes into account both the sensing accuracy and energy efficiency. Since all the SUs that choose to sense the same channel belong to the same coalition, the commonly used merge-and-split rule cannot be applied in our coalition formation game. Therefore, we proposed distributed algorithms to find the stable partition that achieves the optimal aggregate utility of the system distributively for the CSSA scheme. Simulation results showed that the performance of our proposed CSSA scheme is better than the NSSA scheme. Besides, the results showed that our proposed distributed algorithms result in the self-organization of the SUs that achieves a higher aggregate utility after every iteration, and that there is a stable partition for our formulated coalition formation game.
